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Abstract
The Covid-19 pandemic has brought political polarization in the US to the forefront of the
battle against coronavirus. We find that for every one percentage point increase in votes for
Trump there are 881 more Covid-19 cases and 17 more Covid-19 deaths. We find that these
results are motivated by political identity as it is mediated through public safety behaviors like
mask wearing and social distancing. In addition, a natural experiment in California during the
first half of the pandemic in the US finds that 36% of the Covid-19 cases at the census tract level
in California can be associated with political identity.
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Introduction

A new type of political identity has emerged - one that is not as embedded within the
traditional culture of a party but more of one that champions the ideals of the leader.
In the last few years political polarization has impacted how people make decisions
in the United States (West & Iyengar, 2020). Political identity has been shown to define
which social networks people use (Van Bavel & Pereira, 2018), whom they consider dating
(Huber & Malhotra, 2017) and where they decide to live (Hui, 2013).
The Covid-19 pandemic has magnified the divide between people that identity as Republicans and those who identify as Democrats. A November 2020 Pew Research survey
found 35% of Republicans (compared to 64% of Democrats) were ”very” or ”somewhat”
concerned that they would become infected with COVID-19. In the same survey, 29% of
Republicans (compared to 63% of Democrats) said that people in their community should
”always wear a mask” in public (Van Kessel & Quinn, 2020).
In this paper, we look at the impact of political identity on Covid-19 cases and deaths
in the United States as it manifests itself through safety measures like sheltering at home
and wearing masks when in public.
We combine county level votes for Trump in 2020 with socioeconomic, demographic,
occupation, mask wearing and mobility data to answer the question - Does Political Identity pose a cost to public health? After controlling for demographic and occupation variables we estimate that a 10 percentage point increase in county votes for President Donald
Trump in the 2020 election is associated with a 4.30 percentage point (p < 0.01) decrease
in the number of people who self-identify as always wearing a mask and a 0.19σ (p < 0.01)
decline in a Covid-19 Safety Index.
Our instrumental variable estimations suggest that Covid-19 cases and deaths during
the first year of the pandemic as strongly mediated through the lack of safety behaviors
motivated by political identity. We find that one percentage point increase in the county
Trump vote results in approximately 811 (p < 0.01) additional Covid-19 cases and 17 (p <
1

0.01) additional Covid-19 deaths per 100,000 county residents.
We find that the decline in Covid-19 safety behaviors is linked more with a pro-Trump
identity than with the traditional conservative behaviors associated with majority Republican counties like fewer abortion clinics, higher levels of household gun ownership and
lower tax rates.
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Literature Review

Recent research has likewise suggested that political identity has impacted safety responses
to the COVID-19 pandemic (Allcott et al., 2020; Gollwitzer et al., 2020; Goodman & Pepinsky, 2020; Makridis & Rothwell, 2020; Druckman et al., 2020; Cornelson & Miloucheva,
2020; Grossman et al., 2020; Painter & Qiu, 2020).
Understanding the effect of identity and its impact on decision making has been a subject of broad literature. Most notably, it is explored in the field of identity economics (Akerlof & Kranton, 2011) which explains that the conception of self shapes our economic
lives.
According to the theoretical “political identity” model created by Bernstein et al. in the
book Identity Work in Social Movements, the concept of “identity” has at least three distinct
analytic levels that the authors term “identity for empowerment”, “identity deployment”
and “identity as a goal”. Relevant to the response to wearing masks in the US is the “identity deployment” theory. Among this there is the “identity for critique” that challenges
the dominant party’s values and practices. Since California is a majority Democratic state,
this theory of identity could be behind the diffidence to wear masks among Republicans.
Political partisanship has been recognized by research to be a leading cause of Covid19 cases when looking at the data at the county level (Gollwitzer et al. 2020). However,
this paper uses mobile phone data and then compares the Covid-19 cases in the counties
that voted for Donald Trump to those that did not to find that voting for Donald Trump is
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correlated to high Covid-19 cases.
Using data from the early months of the pandemic, Painter & Qiu (2020), and Allcott
et al. (2020) find a strong association between partisan differences and sheltering at home,
the latter finding the consumption of partisan media sources as a likely channel for these
differences. In contrast, we find the statistical links in the causal chain between political
identity, sheltering at home, and COVID-19 cases and deaths to be weaker and less robust
than the causal links that run through mask-wearing.
We contribute to the literature by demonstrating that COVID-19 cases and deaths are
impacted by political identity as it is mediated through behavioral differences particularly
as they pertain to reduced likelihood of mask wearing and sheltering at home.
Our estimates on the impact of political identity on COVID-19 safety behaviors, cases,
and deaths are robust to inclusions of different sets of control variables, demeaning and
interactions of controls to address the potential for fixed-effects bias under heterogeneous
effects (Suárez Serrato et al., 2019), regularization of controls through a machine-learning
algorithm (LASSO regression), spatially correlated errors across states, and Oster (2018)
bounds tests for endogeneity.

3
3.1

Data and Methods
Data

Our Covid-19 cases and deaths data span the first year of the U.S. experience of the pandemic from March 2020 through February 15, 2021. County-level cases and deaths are
taken from the New York Times Covid-19 database (Table 1. Cases and deaths are compiled from state and local governments and health departments and generally taken from a
person’s residence rather than where a person was tested or died (exceptions are in Hawaii
and Vermont). Mask-wearing data in the database originate from online interviews that
were conducted by the global data and survey firm Dynata. The survey consists of 250,000
3

responses between July 2, 2020 and July 14, 2020, after the politicization of mask-wearing
responses to the pandemic had taken root. Each survey participant was asked: ”How often do you wear a mask in public when you expect to be within six feet of another person?”
and our data reflect the percent of respondents by county who responded ”all of the time.”
We also incorporate GPS location data from a large number of devices collected by the
company SafeGraph to calculate the median number of devices that remained ”at home”
(within a Geohash-7 granularity, 153m × 153m square area) in each county from relative
to the median that remained ”at home” during the year 2019. The mobility data provides
daily observations for the total percent of devices always at home in a given census tract
group. We first take the median percent of devices at home for each county by day. Based
on the daily median, we calculate the median percent of devices at home by month. To
get the change in devices between the pandemic and pre-pandemic time, we subtract the
median percent of devices at home between the pandemic and pre-pandemic periods by
month. We then use this difference to obtain the change in the median percent of devices
remaining at home during the pandemic months compared to pre-pandemic 2019.
We use Centers for Disease Control (CDC) guidelines to establish our vector of control
variables that are associated with heightened levels of risk for COVID-19 infection. This
county-level data is taken from the U.S. Census Bureau and includes median age, median
income, population density, and percent Latino, African-American, and Asian-American
in the county population. We also use the percent of county-level employment in manufacturing, services (including education and healthcare) and retail to control for occupations
of essential workers.
We use 2020 Presidential Election county voting data, and specifically the percent of
people who voted for former President Trump, as a proxy for political identity.
We use three additional data sources in order to disentangle traditional American conservative ideologies from the Covid-19 safety behaviors. The first source is Rand Corporation’s TL-354 State-Level Estimates of Firearms (per household). The second data source
4

is the Tax Foundation’s database of state-level income tax rates (the highest marginal tax
rate for each state). We also include a variable reflecting religious conservatism, state-level
CDC/Guttmacher Institute data on the number of abortion clinics per million residents.

3.2

Empirical Methods

Our empirical research framework is provided in the directed acyclic graph (Fig 1). We
assume that political identity can affect cases and deaths through recommended Covid19 safety behaviors of wearing masks and sheltering at home. In addition, controls like
median age, median income and ethnicity could also potentially impact political identity.
Our OLS estimates with state level fixed effects takes the following form:

Yij = α + τ Ti + Xi0 γ + θj + ij

(1)

where Yij represents outcomes that include COVID-19 safety behaviors, cases, and
deaths, Ti is the county-level popular vote for President Donald Trump in the 2020 general
election, Xi is a vector of county-level controls, and ij is the error term.
We include state level fixed effects because Covid-19 policy rollouts have mostly been
at the state level in the US. This means that counties within states are often restricted to
the same policies. Additionally, counties within the state are likely to share characteristics
like weather, healthcare options and other factors that we are unable to control for but
are absorbed within the state level fixed effects. Thus, the state level fixed effects estimations implicitly generate counterfactuals from counties with comparatively lower levels of
Trump support within the same state.
We also include some well known measures of conservative political ideology in some
estimations. These controls are state-level rates of household gun ownership, state income
tax rates, and abortion clinics per million residents. State level fixed effects are omitted
when these controls are included. Because fixed-effect estimation may involve bias in the
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presence of heterogeneous treatment effects (Suárez Serrato et al., 2019), we also interact
our county Trump vote variable with (demeaned) controls and state fixed effects in these
estimations. All estimations are weighted by county population, and standard errors are
clustered at the state level.

4

Results

4.1

Political Identity Effects on Behavior

Our results in Table 2 show that identity politics has a strong impact on Covid-19 safety
behaviors. For every one percentage point increase in votes for President Trump, there is
a 4.3 percentage point decrease in the number of people who are likely to wear a mask ”all
the time”. The results also show a 0.02 percentage point decline in the likelihood to stay
at home during the pandemic.
These behaviors seem to be stronger than the traditional conservative behaviors like
reduced abortion clinics, increased gun ownership for households and reduced property
taxes. As Table 2 shows, that after controlling for traditional conservative behaviors, the
impact of these behaviors on cases and deaths is not significant.
These results speak to the strong effect that Trump votes have on safety behaviors during the first year of the Covid-19 pandemic

4.2

Political Identity Effects on Covid-19 Infection and Deaths

The results presented in Table 3 estimate the effects of political identity on Covid-19 infection and deaths. The estimates show that a 10 percentage point increase in Trump votes is
associated with 811 Covid-19 cases and 16.8 deaths per 100,000 county residents during
the first year of the pandemic.
When additional controls of political conservatism are added, the estimates drop to
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554 Covid-19 cases and 13.9 deaths. However, most of these estimates are not significant
with the exception of the estimates for the abortion clinics and the estimate for cases with
high gun ownership. In comparison, the estimates for Trump votes is significant therefore
hinting at the power of political identity in estimating cases and deaths.
The difference in the estimates when the additional controls are added could be due
to county level policy or behavior differences. These within state differences are clear in
Figure 2 and Figure 3 where counties within states have varying number of deaths and
Covid-19 safety behaviors.

4.3

Political Identity Effects on Select Groups

The pandemic has disproportionately affected minority populations (Gauthier et al., 2021).
Our regression results in Table 4 reflect this disproportionate impact as potentially manifesting through increased safety behaviors among these minority groups. Table 4 provides
an indication that in counties with a higher proportion of Trump support, African American and Latino populations are more likely to wear masks but less likely to be affected by
coronavirus in terms of both cases and deaths despite a decreased likelihood of staying at
home. This finding stems from the opposite behavior of likely non-Trump supporters in
states with high levels of Trump support.
The results also shows disparity related to the relationship between Covid-19 cases,
deaths and income. While wealthier populations in Trump counties are more likely to
have more Covid-19 cases, these cases are less likely to result in deaths. The results in
Table 1 contrast with this finding by providing a negative relationship between income
and Covid-19 cases across all counties. This flip in signs for majority Trump counties
could stem from the reduced seriousness given to the coronavirus in these counties and an
increase in risky behavior. The negative coefficient on the deaths and income could come
from the fact that wealthier people are more likely to be able to afford better healthcare.
But these results also show that wealthy Americans in counties with high levels of Trump
7

support are also suffering.
All occupations that are controlled for - manufacturing, service and retail are more
affected by counties with a higher proportion of Trump votes. This reflects the decreased
likelihood of businesses closing in these counties. This is further reflected in the fact that
retail employees are more affected by Covid-19 related deaths in majority Trump counties.

4.4

Health Behavior Effects on COVID Infection and Deaths

Table 3 shows the estimated relationship between public safety behaviors and Covid-19
cases and deaths. While the mask wearing estimate has the expected sign, the coefficient
for sheltering at home is positive. This could result from the reverse causal relationship
between safety behaviors and Covid-19 cases and deaths. Policy mandates during the
pandemic have often been instituted after rising Covid-19 cases in the county and state.
The DAG in figure 1 explains this relationship between safety behaviors and Covid-19
health outcomes. We would thus expect that the OLS estimates in Panel A of Table 7
would likely underestimate the impact of safety behaviors of preventing Covid-19 cases
and deaths.
Political identity can be used to instrument a causal relationship between Covid-19
safety behaviors and health outcomes if the health outcomes can be mediated solely through
differences in safety behaviors. Panel B in Table 7 shows the Generalized Method of Moments (GMM) instrumental-variable (IV) estimates of the effect of mask-wearing and
sheltering at home on COVID-19 cases and deaths. Covid-19 safety behaviors are instrumented by county Trump votes, and interactions of county Trump votes and demeaned
demographic and occupation controls. This vector of instruments is valid for two reasons.
First, the controls are strongly correlated with Covid-19 health outcomes. Second, the
Sargan-Hansen J-test p-values > 0.05 which means that they satisfy the exclusion restriction because political identity can be excluded from the second stage regression after the
safety behavior variables are included. Therefore, political identity flows strongly through
8

safety behaviors and we find no evidence of effect on Covid-19 health outcomes outside
of safety behaviors.

4.5

Instrumental Variable Estimation

States and counties mainly enforced safety behaviors like lockdowns and mask mandates
after Covid-19 cases in the county and states began rising. As a result, the safety behaviors
could be a response to cases instead of it being used to prevent the spread of coronavirus.
In order to address related concerns of endogeneity, we use an instrumental variable estimation.
The estimates on mask wearing in Table 7 Panel B show that a 10 percentage point
increase in mask wearing results in 756 fewer cases and 30.7 fewer deaths per 100,000
county residents. Since the average number of cases per 100,000 county residents in our
dataset is 8,801 and the average number of deaths is 164.62, a 10 percentage point increase
in mask wearing results in 8.5% fewer cases and 18.7% fewer deaths. The IV estimates for
sheltering at home show 960 fewer cases per 100,000 county residents for every 1 standard
deviation increase in sheltering at home.
The estimation shows that the OLS estimations substantially underestimate the impact
of safety behaviors. The Hausman test rejects the null hypothesis that the OLS estimates
are unbiased therefore an instrumental variables estimation is the appropriate method to
understanding the effect of safety behaviors on Covid-19 health outcomes.
In Table 7 Panel B columns 3, 4, 7 and 8, we use mask wearing and sheltering at home
as instruments and add Trump votes as an independent variable. The results show that
the county Trump votes are now insignificant when added as a right hand regressor (t =
0.19 and t = 0.79, respectively). This hints at the power of mask wearing as a proxy for
Covid safety behavior. This change in significance also provides evidence that the effect of
political identity on Covid-19 cases and deaths flows through safety behaviors like mask
wearing.
9

However, there might be other risk mitigating behaviors that we have not controlled
for that could impact the spread of coronavirus that are not strictly related to sheltering at
home but are related to mask wearing. Activities like hand washing, avoiding close contact
at all times, reduced or zero indoor activities with persons outside of ones household etc.
Therefore, these results should only be interpreted as the causal impact of mask wearing
on Covid-19 cases and deaths rather than the effects of mask wearing in isolation. In
addition, since the data for this study comes from the first year of the pandemic when
additional variants from the UK and South Africa had not reached the US, these results
only relate to the first year of the pandemic in the US.
Figure 4 summarizes the key points of our research in three scatter plots: the negative
relationship between the county Trump vote on mask-wearing (panel A), the negative
relationship between (instrumented) mask-wearing on COVID cases (panel B), and the
ensuing positive relationship between the county Trump vote and COVID-19 cases.

4.6

Robustness Checks

Our first robustness check is presented in Table 5 and Table 6 where we vary the vector of
control variables to find that the Trump vote variable retains significance and sharpens as
additional controls are added the regressions of the Covid-19 cases and deaths.
We also address the possibility of spatial correlations of Covid-19 cases and deaths
that bleed across state lines by estimating our model with Conley (1999) standard errors.
Using the latitude and longitude points for each county, we use a Bartlett linear decay of
spatial error correlation to a distace of 500 kilometres from the central point of each county.
However, this method does not allow for use of analytical weights which we believe is important to account for the heterogeneity among states especially as it relates to population
density as it is known to be an important predictor of coronavirus contagion. For this
reason, we prefer using estimates with state clustered standard errors as presented in the
previous tables.
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As a third robustness check, we run Oster bounds tests to check for any endogeneity
problems that coukd affect our estimated relationships between Covid-19 health outcomes
and political identity. The high negative deltas is our estimates with δ >1 holding for all
results even at the stringent Rmax = 1 standard which indicates statistical significance
through endogeneity is highly unlikely.

5

Natural Experiment in California

5.1

Data & Experiment

On July 13, 2020 the Governor of California, Gavin Newsom ordered a shutdown of indoor
dining, movie theaters, family entertainment centers and additional indoor operations
in all counties in California. While outdoor dining was still allowed, the Governor was
responding to a record number of 108 new cases on July 10, 2020 which surpassed the
previous one day record of 90 cases on July 3, 2020. This statewide shutdown has provided
a natural experiment to measure the impact of political identity on health outcomes. We
look at the Covid-19 cases for the 60 days before and after the lockdown announcement
on July 13, 2020. The first period is between May 14, 2020 and July 13, 2020. The second
period is between July 14, 2020 and September 11, 2020.
The unit of analysis is the census tract. A census tract usually consists of 1,200 to 8,000
people with an optimum size of 4,000 people. We chose this as the unit of analysis instead
of County because a more granular level of detail might provide a better indication of behaviors at a local level. These nuanced indicators might get lost in a larger sample. On the
other hand, a smaller unit of analysis than the census tract might provide a biased estimate
of the impact of political identity since it would not account for a contextual analysis of
the phenomenon. Since the coronavirus is contagious and mobility impacts the number
of cases, it is important to analyze a large enough area that would account for the impact
of that mobility.
11

The data for this analysis comes from three main sources. The first source is the location based Covid-19 cases from the Los Angeles Times’ (LA Times) Independent Tally of
coronavirus cases in California. This data is publicly available on the LA Times GitHub
repository and is updated daily by LA Times staff. This data provides the number of
Covid-19 cases by date, county and place.
While the dataset consists of at least one Covid-19 case for 50 out of the 58 counties in
California, the recording of these cases is not distributed evenly over time. Furthermore,
the data for this study is only for the 60 day period (± 7 days) before and after the lockdown was announced in California. This buffer of 7 days is used to filter the data for two
reasons. The first is that the cases are not recorded for all census tracts on all days. As a
result, limiting the data to a certain time period, drastically reduces the number of tracts
that can be included in the analysis. To increase power, we include days that are within
7 days of the target dates within each period. The second reason why we chose 7 days as
a buffer period is that the coronavirus has an incubation period of 14 days. It is not very
likely that a buffer of 7 days will include drastically higher case numbers that will bias our
model. A description of the spread of the data across California is provided in Figure 5.
The particularly useful variable provided by this data is the geographic coordinates
for the location where the cases are recorded. As far as the author knows, this is the only
data source available that provides granular location and time based Covid-19 case data.
This data is updated regularly and contains the Covid-19 cases by date and place. The
raw dataset provides the geolocation and population data in addition to the county and
place name where the data was collected. The latitude and longitude provided in this data
is converted is geoparsed into a census tract using the Tigris package in R. This package
provides the matching GeoID using the geographic coordinates and the Census TIGER
shapefiles. This GeoID consists of codes for the state, county, county subdivision, place,
census tract, block group and block. The census tract is an 11 digit code within the 15 digit
GeoID. Table 8 provides the summary statistics for the complete set of data points.
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These geographic coordinates are then converted to the census tract that the coordinates belong to. The census code is a 14 digit code created by the US Census and contains
the codes for the census tract, census tract group, census tract, county code and state code.
The data for this analysis is based on the census tract code that contains many census tracts
but is a smaller area than that comprised of a census tract. Since the Covid-19 data is collected by the LA Times and the data quality might be an issue, the analysis is also done
at the county level. The county-level Covid-19 case data comes from the California state
website and the data points are not assumed to have any quality challenges.
The second data source is the voter registration data. This data comes from the Statewide
Database that has a record of all the county and census tract level voter registrations for
California. This data provides the number of people who registered to vote across all political parties in the 2020 primary elections. The raw data is provided in a shapefile format
which is then combined with the shapefile of the Covid-19 case data.
The third data source is the American Community Survey (ACS), from the US Census
database from which all the demographic data comes. The ACS is a demographics survey
program conducted by the U.S. Census Bureau. The dataset used for this analysis comes
from the ACS 5-year estimates from 2018. We collect the census tract level median family income, percentage of Latino population, median age and County population density.
These covariates were chosen based on their relevance to the spread of Covid-19. In the
U.S., areas with a high proportion of Latino populations, low median incomes, high median age and high population density are associated with a higher number of Covid-19
cases (Social Determinants of Health, 2020).
These three data sources are combined at the census tract level. The data is balanced
across both periods which means that data for every census tract exists in both periods.
The final dataset used in this analysis consists of 17 out of the 58 (30%) counties in California and 573 out of the 8,057 (7%) of census tracts in California. This dataset consists
the areas and counties with the highest Covid-19 cases so we believe that it is an accurate
13

representation of the spread of the cases in the California. The variable of interest is the
cases per 100,000 people. This is calculated by the following equation:
Cases per 100,000 = 100000 ×

Cases in Census Tract
Census Tract Population

The summary statistics for the data are presented in Table 8.

5.2

Model

The model used in this analysis is a difference-in-differences estimation. This is a quasi
experimental research design that provides an estimate for the difference in the change in
outcomes before and after a period. The treatment for this paper is the California wide
shutdown that was announced in the middle of July.
The difference-in-differences model is as follows:
Yit = α + βRi1 × Period + ρRi1 + γPeriod + it
where Yit is the number of Covid-19 cases per 100 000 people, β is the DiD treatment
effect and R is the tracts with a majority of Republican voters. Since the average number
of Republican voters in each tract is 28%, the tracts with over 30% of Republican voters
are considered to be in the treatment group. The majority Democrat census tracts are the
control group.
The additional covariates in the model are the demographic variables that are known
to have an impact on the Covid-19 cases. These are the median age, median income, proportion of Latino population and population density. We use the County level population
density as a proxy for the census tract level population density. We believe that the benefits of using the County population density is that we assume there is movement outside
of census tracts that could contribute to cases that would only be based on the population
density of the County.
14

5.3

Results

5.4

Main Results

The results show that while there is an increase in the cases after the lockdown, this increase is higher in the census tracts with a higher proportion of Republican voters compared to Democrats. The difference in means between the periods for both majority Republican and majority Democrat census tracts are presented in Table 9. We see that after
the lockdown was announced, on average, the Covid-19 cases increase by 74% in Republican majority counties and by 28% in Democrat majority counties.
Table 10 shows the main difference-in-differences regression results. The DiD estimate
of 139.8 is the indicator of the impact of political identity in majority Republican census
tracts. This value is 36% of the average difference in the Covid-19 cases in the majority Republican census tracts. Therefore, we posit that decision making based on political identity
has contributed to 36% of the increase in Covid-19 cases. Figure 6 and Figure 7 provide
the difference in means with the standard errors at a 95% confidence interval for the difference in Covid-19 cases between the majority Republican and majority Democrat census
tracts. Not only do Covid-19 cases increase in majority Republican tracts on average, but
the range of Covid-19 cases is higher compared to majority Democrat tracts as well.
These results are robust to adding controls. The five models shown in the table have
a different group of covariates. There are few things to note. First, the coefficient for the
difference-in-differences term is robust to adding additional covariates to the model. In
addition, the coefficient for county population density is negative. This is because San
Francisco is one of the counties in this dataset and has the highest population density
among all the counties in this data. Additionally, San Francisco was among the first metro
areas to fully shut down and was able to flatten the curve relatively early compared to
cities like New York. As a result, since the census tracts in California are clear outliers
they contribute highly to this negative coefficient. As a robustness check, we looked at

15

the correlation between population density and cases in the first period after removing
all the census tracts in San Francisco and find a positive correlation. This aligns with the
expected relationship between population density and Covid-19 cases thereby validating
that San Francisco is causing the coefficient in the regressions to switch from the expected
sign.
5.4.1

Robustness Checks

As a robustness check, the same DiD regression was run for the data without the San
Francisco County census tracts. We wanted to check if removing a higher density County
which went on lockdown before most of the other counties would have an impact on the
Covid-19 cases in majority Republican tracts. The estimates for this regression are presented in Table 11. The San Francisco tracts seem to have a very small effect on the estimates which reduced from 139.80 to 137.80. The DiD estimate is still significant and
accounts for 35% of the average increase in cases in the majority Republican tracts.

5.5

Conclusion

Political identity has a strong impact on decision making especially through the first year
of the Covid-19 pandemic.
Our estimates find differences in mask-wearing and parallel COVID-safe public behaviors to be both more strongly affected by political identity and more important to preventing COVID-19 infection.
In that context, political identity has had large impacts on Covid-19 cases and deaths.
For every additional 10 percentage points in the county Trump vote, we estimate an increase of 811 COVID-19 cases per 100,000 county residents and 16.8 COVID-19 deaths.
Thus, our results show a 10 percentage point increase in county-level Trump voter support in the 2020 Presidential election linked to a roughly 10% increase in COVID-19 cases
and deaths in a U.S. county during the first year of the pandemic. Using a natural exper16

iment during mid way through the first year of the pandemic in California, we find that
political identity has led to a 36% increase in Covid-19 cases in the United States.
Finally, we find that political identity that stems from traditional American conservatism is not as strong as the behaviors that are motivated by the percent of county Trump
votes in 2020. Our results hint at the impact that political rhetoric and leadership can have
on motivating the public’s behavior.
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